Radiation absorbed by vegetation (FPAR) are assimilated, respectively, into the Surface Energy Balance (SEB) equation and a Vegetation Dynamics Model (VDM) in order to estimate surface fluxes and vegetation dynamics. The problem is posed in terms of three unknown and dimensionless parameters: (1) neutral bulk heat transfer coefficient, which scales the sum of turbulent heat fluxes, (2) soil and canopy evaporative fractions that characterize partitioning among the turbulent heat fluxes over soil and vegetation, and (3) specific leaf area, which captures seasonal phenology and vegetation dynamics. The model is applied over the Gourma site in Mali, the northern region of the West African Monsoon (WAM) domain. The application of the model over the Gourma site shows that spaceborne LST observations can be used to constrain the SEB equation and obtain its key two unknown parameters (i.e., neutral bulk heat transfer coefficient and evaporative fraction). We demonstrate that the spatial patterns of estimated neutral bulk heat transfer coefficient and evaporative fraction resemble, respectively, those of independently observed vegetation index and soil moisture. The framework also yields estimates of surface energy balance components. The daily sensible, latent, and ground heat flux estimates at the Agoufou site that is located in the south of the Gourma region have, respectively, a root-mean-square error (RMSE) of 53.6, 34.4, and 45.1 Wm 22 . The daily sensible heat flux estimates at the Bamba site, which is located in the north of the Gourma domain, have a RMSE of 42.6 Wm 22 . The results also show that remotely sensed FPAR observations can constrain the VDM and retrieve its main unknown parameter (specific leaf area) over large-scale domains without costly in situ measurements. The results indicate that the estimated specific leaf area values vary reasonably with the expected influential environmental variables such as precipitation, air temperature, and solar radiation. Assimilating FPAR observations into the VDM can also provide an estimate of Leaf Area Index (LAI) dynamics. The estimated LAI values are comparable in magnitude, spatial pattern and temporal evolution with satellite retrievals.
Introduction
The surface heat fluxes, drivers of numerous atmospheric, hydrologic, and environmental processes, are linked to the seasonal phenology of vegetation [Lemon et al., 2007; Alfieri et al., 2009] . Specifically, in regions with a monsoonal hydroclimate where the vegetation seasonal phenology is pronounced, the temporal and spatial dynamics of surface fluxes significantly impact the regional land-atmosphere interaction . In situ measurement of the surface heat fluxes is costly and difficult, and hence there are a finite number of flux tower networks across the globe (e.g., AmeriFlux, Fluxnet, EuroFlux, etc.) . Even with the availability of these measurements, large-scale flux mapping is difficult due to significant spatial heterogeneity in surface properties such as topography, soil moisture, vegetation cover, etc. [Jung et al., 2009 [Jung et al., , 2011 . PUBLICATIONS five main categories. The first group empirically relates the correlation between a vegetation index (VI) (e.g., normalized difference vegetation index (NDVI), leaf area index (LAI), crop water stress index (CWSI), etc.) and LST measurements to surface evaporation [Gillies et al., 1997; Sandholt et al., 2002; Carlson, 2007; Tang et al., 2010; Shu et al., 2011] . These studies have led to the so-called triangle method and its variants for retrieving surface evaporation rate from the NDVI-LST relationship. The second group solves the surface energy balance diagnostically and predicts surface heat fluxes by using instantaneous LST observations [Bastiaanssen et al., 1998a [Bastiaanssen et al., , 1998b Su, 2002; Timmermans et al., 2007; Cammalleri et al., 2010] . Since the land surface temperature (T) and its time derivative (dT/dt) both appear in the surface energy balance equation, typically closure assumptions are required. The most widespread closure assumption is that the ratio of ground heat flux (G) to net radiation (R n ) (i.e., G=R n ) is taken to be constant or a function of vegetation indices. The third group is called the combination method and estimates turbulent heat fluxes by incorporating the LST observations into the Penman-Monteith equation [Mallick et al., 2013 [Mallick et al., , 2014 . These models combine LST data with energy balance closure models to eliminate the need to the specification of surface to atmosphere conductance terms (i.e., aerodynamic and stomatal conductances). The fourth group (known as the land data assimilation system (LDAS)) merges soil moisture and temperature, vegetation properties, topography, and meteorological forcings with a land surface model (e.g., Noah) within an Ensemble Kalman Filter data assimilation system to estimate water and energy fluxes [Peters-Lidard et al., 2011; Xia et al., 2012a Xia et al., , 2012b .
Beyond these methods, the fifth group, known as variational data assimilation (VDA) approaches, assimilates sequences of LST observations into the surface energy balance (SEB) to estimate heat and moisture fluxes between the land and atmosphere [Caparrini et al., 2004; Sini et al., 2008; Entekhabi, 2012a, 2012b; Bateni and Liang, 2012; Bateni et al., 2013a Bateni et al., , 2013b Xu et al., 2014a Xu et al., , 2014b . The VDA approach has a number of advantages over observations-only and model-only driven approaches. VDA approach applied to the estimation of surface energy balance can generate surface heat fluxes even, for instances, in which remotely sensed LST observations are not available or there are data gaps and constrains the model with observations. They do not require any calibration and empirical fitting. The ground heat flux estimates from the VDA approach is based on the heat diffusion equation. It allows better characterization of the diurnal and synoptic variations in heat flux dynamics when compared to diagnostic approaches. It does however require basic information on soil thermal properties [Bateni et al., 2013a [Bateni et al., , 2013b .
The partitioning of available energy into surface heat fluxes is controlled by the distribution and dynamics of vegetation in addition to other variables such as LST and soil moisture [Segal et al., 1988; Alfieri et al., 2009; Bateni and Liang, 2012; Bateni et al., 2013b] . Therefore, understanding, modeling, and predicting plant phenology is critical for the correct prediction of surface heat fluxes. A vegetation dynamics model (VDM) can be coupled to the SEB to take into account the effect of vegetation density on the surface heat fluxes. Although such a coupling accounts for changes in vegetation dynamics, it necessarily increases number of variables considerably. To overcome this problem and build a VDA system which performs robustly even with the increased number of model variables, remotely sensed fraction of photosynthetically active radiation absorbed by vegetation (FPAR) data is assimilated into the VDA framework. The assimilation of FPAR provides a constraint on the key unknown variable of the VDA (i.e., specific leaf area; described in more detail in section 6.2) and also estimates LAI dynamics. Literature [e.g., Hipps et al., 1983; Monica et al., 2005] shows that FPAR is generally well correlated with LAI, and thus has valuable information on vegetation dynamics.
In this paper, we develop a novel VDA framework that yields surface heat fluxes, LAI, and specific leaf area estimates that are constrained by remotely sensed LST and FPAR data. The beginning point of this study is the VDA model developed by Bateni et al. [2013b] , but it enhances that study in two important new directions. First, it couples the SEB equation and the VDM via the linkage between transpiration and photosynthesis. The SEB scheme provides estimates of transpiration, which is used as the key environmental input variable to the VDM. The VDM predicts the LAI variations in time, which is then utilized by the SEB scheme for the partitioning of available energy among heat fluxes. This coupling allows the SEB and VDM to operate in a consistent and dynamic way and eliminates the need for ancillary information on soil moisture, the state of vegetation, and empirical assumptions. Second, this study assimilates FPAR data in order to constrain the key unknown variable of the utilized VDM, i.e., specific leaf area (that captures seasonal phenology and vegetation dynamics). The developed methodology is applied over the Gourma mesoscale region in West Africa, which has sharp spatial gradients and seasonality in rainfall, incoming solar radiation, and air temperature. The region is well suited to examine the effect of environmental factors on retrieved surface heat fluxes and vegetation dynamics.
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Section 2 presents the outline of the SEB and VDM and their coupling. Section 3 describes the variational approach for the estimation of the key unknown parameters. Section 4 provides information on the application site. The results are included in section 6. Finally, a summary of results, conclusions, and future extensions are reported in section 7.
Models and Methods

Heat Diffusion Equation
The heat diffusion equation describes the variation of temperature in the soil over time. In one-dimensional form, the heat diffusion can be written as:
where T s ðz; tÞ is soil temperature at depth z and time t, p is the soil thermal conductivity, and c is the soil volumetric heat capacity.
The heat diffusion equation can be solved by the specification of boundary conditions at the top and bottom of soil column. The boundary condition at the top of soil column is obtained by solving the surface forcing equation ðp@T s ðz50; tÞ=@t52GðtÞÞ for the soil surface temperature, T s ðz50; tÞ, where G is the ground heat flux.
The diurnal heat wave does not penetrate beyond 0.3-0.5 m. The temperature of soil at these depths varies slightly over a day and can be considered constant [Hu and Islam, 1995; Hirota et al., 2002; Bateni et al., 2013a] . Thus, a Neumann boundary condition is used at the bottom of the soil column.
Dual Source (DS) Surface Energy Balance
A dual source (DS) model treats an inhomogeneous land surface as two distinct heat and moisture flux sources: the canopy and the soil [Shuttleworth and Wallace, 1985; Norman et al., 1995; Anderson et al., 1997] . Since in this study the SEB and VDM are coupled (section 2.5) based on the relationship between transpiration and photosynthesis (section 2.4), a DS scheme is required to provide estimates of transpiration rather than a combined source scheme that yields total evapotranspiration and not transpiration and evaporation separately.
The DS scheme is built upon Kustas et al. [1996] model. In this model, the soil-vegetation-atmosphere transfer scheme is characterized by a series of resistances connecting the soil and canopy leaves to the air within canopy, and the within-canopy air to the boundary layer air above it (Figure 1 ). Heat transfer from soil to air within the canopy is represented by the soil turbulent heat transfer coefficient (C HS ). Likewise, heat transfer from canopy to the within-canopy air is represented by the canopy turbulent heat transfer coefficient (C HC ). The sensible heat fluxes for the canopy (H c ) and soil (H s ) can be written as: (2b) where q is the density of air, c p is the air specific heat at constant pressure, T c and T s are the canopy and soil temperatures, and T w and U w are the air temperature and wind speed at a reference height within the canopy volume.
Using the bulk heat transfer coefficient C H for heat transfer from the within-canopy air (subscript w) to the above-canopy air (subscript a), the total sensible heat flux (H) can be expressed as:
where U is the above-canopy wind speed.
Following Caparrini et al. [2004] , the heat transfer coefficient C H can be written as the product of heat transfer coefficient under neutral atmospheric condition (C HN ) and an atmospheric stability correction function, f(Ri) [i.e., C H 5C HN f ðRiÞ, where Ri is the Richardson number]. The atmospheric correction function proposed by Caparrini et al. [2004] is used in this study. C HN mainly depends on the properties of the landscape, evolves on the time scale of changing vegetation phenology (monthly), and is a key unknown in the DS scheme.
The other unknowns of the DS model are the canopy and soil evaporative fractions (EF c and EF s ), which are given by
where LE c and LE s are latent heat fluxes for the canopy and soil. EF c and EF s are almost constant for nearpeak radiation hours on days without precipitation [Gentine et al., 2007] .
The total sensible (latent) heat flux is given by the sum of sensible (latent) heat fluxes from soil and vegetation, weighted by the fractional canopy cover f c [Bateni and Liang, 2012] . The net radiation absorbed by the canopy (R nc ) and soil (R ns ) are estimated by creating a balance among the incoming and outgoing shortwave and longwave radiation fluxes for canopy and soil components [Bateni and Liang, 2012] .
The unknown parameters of the DS scheme are C HS , C HC , C HN , EF s , and EF c . Following Bateni and Liang [2012] , the soil and canopy conductance (C HS U w and C HC U w ) are related to C HN U in order to decrease the unknown parameters of the DS scheme to C HN , EF s , and EF c .
Vegetation Dynamics Model (VDM)
Vegetation dynamic models predict the seasonal variability of plant structure. A review of available VDMs and representation of ecophysiological processes (respiration, photosynthesis, and carbon allocation) is given in Arora [2002] . The VDM suggested by Montaldo et al. [2005] is used in this study due to its simplicity and physically based nature. They showed that it is possible to simplify the more complicated VDM of Nouvellon et al. [2000] by excluding its root and dead biomass modeling compartments, and finally proposed a parsimonious VDM, which only models the green aboveground biomass.
In their model, the green aboveground biomass evolution through time is calculated via the balance between the rate of biomass generation that occurs through photosynthesis and the rate of biomass loss through respiration and senescence. This can be captured through the daily dynamic model for aboveground biomass, B g (gr DM m 22 ):
where P g is the gross daily photosynthesis (gr DM m 22 d 21 ) (in section 2.4, the model for P g is presented), t is the daily time step (day), a a is the allocation coefficient to the green aboveground compartment, R g is the respiration from aboveground biomass (gr DM m 22 d 21 ), and S g is the senescence of aboveground green
As in previous studies [e.g., Nouvellon et al., 2000; Cayrol et al., 2000a Cayrol et al., , 2000b Montaldo et al., 2005 Montaldo et al., , 2008 The maintenance and growth respiration constitute total respiration from aboveground biomass (R g ) [Amthor, 1986 [Amthor, , 1989 Cayrol et al., 2000a; Montaldo et al., 2005 Montaldo et al., , 2008 :
where m s and g a are maintenance and growth respiration coefficients for the green aboveground biomass. Maintenance respiration (m s B g ) keeps the available biomass alive and functioning and thus is related to the maintenance of existing green aboveground biomass. Growth respiration (g a a a P g ) is associated with the new biomass production and is strongly correlated with the growth of green aboveground compartment of plant.
The maintenance coefficient (m s ) may be different among various species and is strongly affected by air temperature [Amthor, 1986 [Amthor, , 1989 Atkin et al., 2005] . Its dependence on air temperature is captured by the common Q 10 relationship [Montaldo et al., 2005] :
where T m is the mean daily air temperature ( C), and m so is the maintenance respiration coefficient at 0 C.
Q 10 shows the logarithmic increase in respiration for every 10 C increase in the air temperature. Its measured values range from less than 2 to more than 3. In this study, a typical value of 2 is used for Q 10 and a value of 0.02 day 21 is chosen for m s at 20 C as suggested by previous work [e.g., Amthor, 1986 Amthor, , 1989 Cayrol et al., 2000a Cayrol et al., , 2000b Montaldo et al., 2005; Lebel et al., 2009] .
The growth respiration coefficient (g a ) depends on the plant functional type (PFT). Following Amthor [1986 Amthor [ , 1989 , Nouvellon et al. [2000] , and Montaldo et al. [2005 Montaldo et al. [ , 2008 , g a is set to 0.25 in this study.
Senescence of aboveground green biomass (S g ) is given by [Nouvellon et al., 2000; Cayrol et al., 2000a Cayrol et al., , 2000b Montaldo et al., 2005 Montaldo et al., , 2008 Cervarolo et al., 2010] :
where d T (day 21 ) is the total biomass destruction coefficient. The readers are referred to Detling et al. [1979] and Nouvellon et al. [2000] for detailed information on d T and its specification.
Finally, leaf area index is related to the biomass via the following relationship [Nouvellon et al., 2000; Montaldo et al., 2005 Montaldo et al., , 2008 :
where c g (m 2 gr DM 21 ) is the specific leaf area of the green biomass and is a measure of leaf thickness.
Substituting equations (6), (8), and (9) into equation (5) leads to:
Montaldo et al. [2005] showed that c g varies on a seasonal time scale, and in the growing season its values is almost twice of its value in the senescence season. Therefore, in this study, c g is treated as a variable that changes on a monthly time scale.
Transpiration-Photosynthesis Relationship
Transpiration can be considered as the necessary cost that is paid by plants to assimilate carbon through photosynthesis [Chen and Coughenour, 2004] . The gradient of water vapor concentration from the intercellular spaces of the leaf to ambient air and the diffusive resistance in the water vapor pathway determine transpiration [Monteith, 1988; Mcdowell et al., 2010] . Similarly, the gradient of CO 2 concentration from the ambient air to the leaf and the related diffusive resistances determine photosynthesis.
Based on Fick's law, transpiration can be written as [Monteith, 1988; Mcdowell et al., 2010] :
where E In the same way that transpiration is formulated in (11), photosynthesis can be written as: (11) and (12) results in:
where M w is the molar mass of water (18 gr [Sinclair et al., 1984; Prentice and Harrison, 2009 ]. An x value of 0.65 is used in this study because the Gourma site is covered by C4 grasses .
The mixing ratio of CO 2 in ambient air (m 0 a ) in equation (14) is set to 235 3 10 26 (kg/kg) according to the measurement of atmospheric CO 2 concentration at the Mauna Los Observatory. The measurements are available on the NOAA archive (http://www.esrl.noaa.gov/gmd/ccgg/trends/).
The value for m i in equation (14) is obtained from the estimate of water vapor pressure in the leaf (e l ) and the measurement of atmospheric air pressure (P) via [Rogers and Yau, 1989] m i 5e e l P2e l (15) where e50:622. Because the air in the intercellular spaces of a leaf is effectively saturated, the water vapor pressure in a leaf (e l ) can be considered to be saturated and can be easily estimated from the ClausiusClapeyron equation [Monteith, 1988; Rogers and Yau, 1989] .
Coupling SEB and VDM
This study couples the VDM with the SEB model based on the linkage between P g and E c (14). The core of this coupling is that the VDM estimates the LAI dynamics, which is then exploited by the SEB scheme for the partitioning of available energy among soil and vegetation SEB components. The SEB scheme provides estimates of transpiration that are used by the VDM. This coupling not only eliminates the need for the ancillary input variables such as soil moisture and PAR but also makes the SEB and VDM operate in a consistent and dynamic way.
In order to couple the VDM (10) with the SEB model, the key term of VDM (i.e., P g ) is replaced by transpiration (E c ) using (14),
Equation (16) couples transpiration and canopy growth processes in a dynamic and functional way. Also, the model keeps only the most relevant environmental variables influencing LAI dynamics and operates on a daily time step using a limited number of parameters.
The unknown parameter of the VDM is c g , which varies on the scale of changing vegetation phenology (monthly) [Montaldo et al., 2005 [Montaldo et al., , 2008 . Specific leaf area represents the ratio of leaf area to its dry weight, and therefore, is considered as a measure of leaf thickness. physiological processes that vary with time (on a monthly time scale) and space and control the leaf growth and development.
Data Assimilation
In this study, FPAR observations are assimilated within a data assimilation framework to constrain the key unknown parameter of the utilized VDM, i.e., specific leaf area (c g ). We also assimilate LST observations because they can constrain the unknown parameters of the SEB model (C HN , EF s , and EF c ) [Caparrini et al., 2004; Bateni and Liang, 2012; Bateni et al., 2013b] . To retrieve statistically optimal values for c g , C HN , EF s , and EF c , we define a cost function (J) based on the misfits between LST and FPAR observations and simulations, uncertain prior parameter value estimates, and physical (SEB and VDM) constraints. Two integral time scales are used in the cost function. The first time scale is daily with an assimilation window of [s 0 ,s 1 ] during which EF s and EF c can be assumed to be invariant in each pixel. The second time scale spans an assimilation period of N days in which C HN and c g can be assumed to be constant for each pixel. The cost function can be shown as:
JðT; LAI; R; EF S ; EF C ;c g ;K1;K2Þ5
½T i ð0; tÞ2T obs;i ð0; tÞ T K
21
T ½T i ð0; tÞ2T obs;i ð0; tÞdt
where T obs ð0; tÞ and FPAR obs are the vectors containing remotely sensed LST and FPAR data, respectively. T ð0; tÞ and FPAR are the vectors that contain the modeled equivalents of the observations. The first and second terms of the cost function quantify the quadratic difference between the LST and FPAR observations and the model predictions. Primed variables are the prior estimates of the parameter values. To maintain C HN as a nonnegative variable, it is transformed into R via C HN 5e R . The third through sixth terms are penalty terms for deviations from the prior estimates.
The seventh term is the heat diffusion equation (that estimates the temperature dynamics, T(z, t), in the soil column at depth z and time t) and is incorporated into the model as the physical constraint (adjoint) using Lagrange multiplier function K1. The last term is the VDM that is incorporated into the model as the second physical constraint using Lagrange multiplier function K2. The estimated LAI values from the VDM are used in the Lambert-Beer extinction law to obtain FPAR estimates (in the second term) as follows [Hipps et al., 1983; Sellers et al., 1996] :
where k e is the extinction coefficient and depends on the plant species.
The matrices K 
Cg controls the rate of convergence of the iterative procedure. Over the scale of a computational pixel, lateral heat fluxes are negligible compared to vertical fluxes. In this study, the lateral heat exchanges among the pixels are neglected. This assumption results in diagonal covariance matrices.
Following Bateni and Liang [2012] , the diagonal components of K Cg values of 100, the model converges to a physically reasonable solution, and the misfit between observed and predicted FPAR will be minimized. In this study, K
Cg is set to 100. The optimal values for c g , R, EF s , and EF c are obtained by minimizing the cost function J. In order to minimize J, its first variation should be set equal to zero (dJ 5 0). Setting dJ 5 0 yields the Euler-Lagrange equations, which has to be solved simultaneously on a monthly basis within an iterative loop. The VDA scheme begins with an initial (prior) guess of model parameters (c g , EF s , EF c , and C HN ), which are uniform over the domain and improves them iteratively through minimizing the misfit between the estimated and satellite-observed LST and FPAR.
Gourma Site
The Gourma mesoscale site (located in Mali, West Africa) is part of the AMMA (African Monsoon Multidisciplinary Analysis) project Sahelian meteorological conditions are generally characterized by a short rainy season (due to the West African Monsoon, WAM) from early July to mid-September, followed by a long dry season from midSeptember until the next July Mougin et al., 2009; Timouk et al., 2009] . Mean annual rainfall increases from 100 mm in the north to 450 mm in the south of the Gourma site . The vegetation dynamics at the Gourma site are strongly affected by the seasonal rainfall pattern with a strong latitudinal gradient [Jarlan et al., 2008b] . The north-south gradient of rainfall, soil moisture, vegetation cover, and net radiation as well as high interannual variability of climate over the Gourma site provide a unique opportunity to test the developed model across diverse conditions.
Data Set
The Gourma site has been instrumented with three automatic micrometeorological stations along the north-south climatological gradient (in Bamba (17.1 N), Agoufou (15.3 N) , and Kobou (14.7 N)). These stations perform a continuous monitoring of micrometeorological data (air temperature, humidity, and wind speed) at a 15 in time step. The micrometeorological data are obtained from the AMMA archive (http://database. amma-international.org/) and were spatially interpolated over the computational grid. Air temperature, humidity, wind speed, and incident solar radiation are the only meteorological inputs to the VDA scheme. Two flux stations [in Agoufou (15.3 N) and Bamba (17.1 N)] provide . The frequent measurements of LST (every 15 min) from the SEVIRI sensor allow to characterize the diurnal cycle of LST. This is particularly important since the VDA system derives the signature of partitioning of surface heat fluxes from the LST diurnal cycle [Bateni and Entekhabi, 2012b] . Furthermore, the geostationary MSG observing platform observations over the region are at low incidence angles near nadir, which enhances their quality relative to applications at other (higher) latitudes.
The values of extinction coefficient (k e ) are available in the literature for different plant types from field experiments [Hipps et al., 1983; Eagleson, 2002] . In this study, the pixels for which remotely sensed FPAR observations are zero during the monthly assimilation period are considered as bare soil, with a k e value set 0 for them. In contrast, the pixels for which FPAR observations are not zero are mainly covered by grasses. Based on reported values of k e in the literature for grasslands [e.g., Agata, 1985; Kiniry et al., 1999] , a value of 0.35 is used in this study.
The soil type at the Gourma site mainly consists of sand. The soil volumetric heat capacity can be estimated from c5c s 1hc w [Campbell, 1985; (where h is the soil volumetric water content, and c s and c w are the volumetric heat capacity of dry soil and water). The literature values for c w and c s are, respectively, 4 3 10 6 (J m 23 K 21 ) and 1.4 3 10 6 (J m 23 K 21 ) [Hillel, 1998 ]. Later, it will be shown that h varies from about 0 to 0.3 over the Gourma site. A nominal h value of 0.15 is used herein. Sensitivity analyses showed that other nominal values yield similar final results. Based on soil type (sand) and the nominal water content, the soil heat conductivity (p) is set to 1.5 (J m 21 K 21 s 21 ) [Hillel, 1998; Chen, 2008] .
Precipitation is not an input and hence not used in the estimation. As an independent data source, it is used to interpret the patterns and trends in the estimated fields. Precipitation data are obtained from the University of California, Irvine archive (http://chrs.web.uci.edu/PERSIANN-CCS/data.html).
The assimilation domain covers the Gourma region. The size of computational grid is 3 km, which yields 3744 computational pixels over the region. The period of analysis covers the summer of 2007 (AMMA field experiment Enhanced Observing Period [EOP]) from Julian day 152 to 273 (from 1 June to 30 September) due to the availability of quality controlled surface heat flux measurements and occurrence of monsoon. The daily assimilation window ranges from s 0 5 0900 to s 1 5 1600 local time, when EF s and EF c are selfpreserved, i.e., constant for the day. The assimilation is implemented in 30 day subperiods (N 5 30 days).
FPAR values are retrieved from the red and near infrared spectral bands by defining a vegetation index called RDVI (Renormalized Difference Vegetation Index) and using the FPAR-RDVI linear relationship developed by Roujean and Breon [1995] . The linear relationship between FPAR and RDVI (spectral reflectance) can be found on the LSA-SAF archive (http://landsaf.meteo.pt). Alternatively, we could assimilate LAI product available on the LSA-SAF archive to constrain the key unknown of the VDM (specific leaf area). LAI values are obtained from f c data, which themselves are found via a Bidirectional Reflectance Distribution Function (BRDF). The reader is referred to the LSA-SAF archive for detailed information on LAI retrieval. Based on the above mentioned explanations about FPAR and LAI, it is more reasonable to assimilate FPAR as it is directly obtained from the reflectance data measured by MSG-SEVIRI rather than LAI that is obtained from f c through an intricate algorithm.
Results
Retrieved LAI maps from the VDA system are shown in section 6.1. Estimated specific leaf area, neutral bulk heat transfer coefficient, and evaporative fraction maps from the VDA approach are shown, respectively, in sections 6.2-6.4. Finally, surface heat flux estimates are presented in section 6.5.
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Vegetation Dynamics
The Gourma site is mainly covered by C4 annual grasses, which have a very high photosynthesis rate and sustain a rapid growth whenever soil moisture is available . The vegetation cover increases rapidly during the monsoon season. In general, in arid areas, canopy growth follows rainfall since it fully depends on water availability at the surface. Figure 3 compares maps of LAI from the LSA-SAF (top) and the VDA approach (bottom). LAI values from the LSA-SAF and VDA are comparable in spatial pattern, temporal evolution, and magnitude although no explicit information on vegetation phenology is used in the model. However, there is a weaker consistency between the LSA-SAF and VDA LAI maps in period 3. This weaker consistency is due to the erroneous FPAR values (not shown), which are close to zero over most parts of the domain in period 3. Regions with insufficient remotely sensed LST observations (less than 5 days with at least three observations) are shown by blank (white) pixels.
The vegetation cover increases during the core of the monsoon season (period 3) and reaches its peak value in the last period. This occurs because the Gourma site is mainly covered by C4 annual grasses that have high photosynthesis rates and sustain fast growth when soil moisture is accessible Jing et al., 2011] . Also, due to the time lag between rainfall and vegetation greenness [e.g., Wang et al., 2003; Zhang et al., 2010] , rainfall peaks in period 3 while vegetation reaches its peak in period 4.
The spatial and temporal consistency between the LAI maps from LSA-SAF and VDA indicates that the VDA framework can effectively use the information contained in the FPAR data to calibrate the VDM for largescale applications. This is particularly useful in large-scale applications because the SEVIRI sensor on the MSG satellite provides a spatially comprehensive FPAR dataset that can be used to constrain the VDM, create LAI maps, and predict the response of vegetation cover to variations in environmental factors and climate in the future. Overall, the results indicate a significant step toward controlling the VDM's simulation at large scale using new generation satellite data.
Specific Leaf Area
Specific leaf area (c g ) is strongly and negatively correlated to leaf thickness, and the variations in leaf thickness can be well captured by it [Vile et al., 2005] . Therefore, specific leaf area values can be used to monitor the changes in leaf thickness [White and Montes, 2005; Vile et al., 2005] . This is particularly important since leaf thickness has a significant role in plant and leaf functioning and CO 2 assimilation rate.
Specific leaf area plays a vital role in explaining variation in relative growth rate [Nielsen et al., 1996; Li et al., 2005] , maximum rate of photosynthesis, and leaf functioning [Garnier et al., 2001] . Plants with high c g values (i.e., a large leaf area with small tissue) show a rapid production of biomass, while the ones with low c g tend to efficiently conserve nutrients, and reduce the photosynthesis and relative growth rates [Wright and Westoby, 1999] . Plants inhabiting arid and semiarid regions tend to have inherently low c g (i.e., high leaf thickness). Arid and semiarid plants with thick leaves have denser tissue that provides extra structural strength, and consequently are resistant against unfavorable environmental conditions (e.g., low rainfall or nutrient) and allows continued leaf function [Warren et al., 2005] . The variable c g has been used regularly as a means to monitor plants' productivity [White and Montes, 2005] or ecological behavior [Diaz et al., 2004] .
Specific leaf area is an indicator of complicated physiological processes that vary with time and space and control the leaf growth and development. According to Montaldo et al. [2005 Montaldo et al. [ , 2008 , c g can vary on a monthly time scale. Also, Bouriaud et al. [2003] showed that the spatial variation of specific leaf area can be large even within a small area with a uniform vegetation cover. They concluded that c g estimate in one particular location should not be applied in other locations to convert biomass (B g ) to LAI since soil conditions can significantly affect c g Many manual destructive sampling campaigns are aimed at measuring c g [Westoby, 1998; Weiher et al., 1999; Wilson et al., 1999] . However, due to the large spatial and temporal variability of c g , its manual measurement over large-scale domains is impractical. The approach outlined and demonstrated in this study allows retrieval and mapping specific leaf area based on remotely sensed FPAR observations. Figure 4 shows the retrieved monthly c g values over the domain. Specific leaf area is affected by water availability [Cunningham et al., 1999; Hobbie, 2000] , solar radiation [Reddy et al., 1989] , air temperature [Acock et al., 1979; Niinemets, 2001] , vapor pressure deficit [Wright et al., 2004] , nutrient resources [Cunningham et al., 1999] , leaf maturity and growth stage [Jonckheere et al., 2004] , soil properties and its nitrogen content [Bouriaud et al., 2003] , altitude [Korner, 1989] , season [Field and Mooney, 1983] , and plant type [Vile et al., 2005; Li et al., 2005] . It is evident that numerous factors are responsible for the spatiotemporal variability of c g , and therefore the spatial patterns of the retrieved c g (Figure 4 ) cannot be attributed to only one environmental variable. This is one key reason why its a priori estimation is difficult.
As mentioned above, the Gourma site is covered with annual C4 grasses [Lebel et al., 2009] . The main objective here is to study the effect of climatic variables (i.e., precipitation, temperature, solar radiation, and vapor pressure) on the specific leaf area of C4 grass vegetation type and explore if variations in c g estimates in response to the climatic factors are physically meaningful.
Leaf thickness (specific leaf area) typically increases (decreases) by decreasing rainfall [Cunningham et al., 1999; Warren et al., 2005] . Thick leaves provide extra structural strength and consequently increase the ability of leaves to resist wilting (or postpone leaf death under very dry circumstances) [Wright et al., 2004] . Water availability is one of the controlling factors of vegetation development in the Gourma site, and therefore, the variations in c g are controlled to some extent by the changes in rainfall. In order to evaluate the effect of rainfall on specific leaf area, c g values are plotted versus the monthly precipitation data for the four modeling periods (Figure 5) . As shown, with increasing rainfall, c g rises rapidly. At a monthly precipitation rate of about 25 (mm/month), c g is equal to 0.008 (m 2 gr DM
21
), while with increasing rainfall up to 350 (mm/month), specific leaf area reaches about 0.011 (m 2 gr DM
). The increase of c g with rainfall is consistent with the findings of several other studies such as Cunningham et al. [1999] and Hobbie [2000] , which showed that c g increases with an increase in rainfall.
The plot of c g versus monthly mean solar radiation indicates an inverse relationship. This is in agreement with the results of a number of studies [e.g., Reddy et al., 1989; Witkowski and Lamont, 1991; Ackerly et al., 2002; Lee and Heuvelink, 2003 ] that reported a reduction in c g as solar radiation increases. Analogously, Figure 7 indicates that c g is negatively correlated with mean monthly air temperature. A similar negative correlation between c g and air temperature was also found by Niinemets [2001] . The negative scaling of c g with solar radiation and air temperature yields from adaptive modification in leaf thickness [Niinemets, 2001] . As air temperature or solar radiation rises, leaf thickness increases (c g decreases) since thicker leaves have the capability to survive longer and withstand tougher environmental conditions [Mooney and Dunn, 1970; Ackerly et al., 2002] . Two important conclusions can be drawn from Figures 5-7: (1) the specific leaf area estimates from the developed methodology show physically meaningful variations in response to changes in environmental factors, and (2) the specific leaf area of herbaceous grassland species change significantly in response to environmental gradients, and therefore they have a high capability for adaptation to variations in climatic variables.
In addition to illustrating the reasonable variation of c g estimates with environmental variables, their magnitude is also compared with the reported values in the literature (Table 1) . For the last period, c g values are close to 0.007 (m 2 gr DM 21 ) over the very short and sparse grassland in the north of the domain (from about 15.5 N to 16.5 N), and they increase to about 0.015 (m 2 gr DM 21 ) in the south. As indicated in Table 1 , the range of retrieved c g values is comparable to those reported in the literature [e.g., Goff, 1985; Cayrol et al., 2000b; Li et al., 2005; Montaldo et al., 2005 Montaldo et al., , 2008 Cervarolo et al., 2010] . It is worth noting that in the parts of the domain where the magnitude of remotely sensed FPAR data is zero (e.g., over most parts in periods 1 and 2, and the northern part in periods 3 and 4), the prior spatially uniform value of c g is not updated, and therefore c g maps remain equal to the initial guess.
Overall, the results indicate that assimilating remotely sensed FPAR observations into the VDM model can efficiently constrain the key unknown parameter of VDM (i.e., c g ) and retrieve it over large domains. This is particularly important since c g is highly variable, and its retrieval over large scales by in situ measurements is very time consuming and costly.
Future studies should be directed toward using mapped specific leaf area values to monitor variations in leaf thickness, plants productivity, ecological behavior, and CO 2 assimilation rate. Figure 8 shows C HN estimates over the domain for all periods. In periods 1 and 2, the C HN estimates are more spatially homogeneous compared to periods 3 and 4. During the monsoon season (periods 3 and 4), a pronounced north-south pattern develops in the retrieved C HN maps. In these two periods, the estimated C HN values in the southern part of the domain increase relative to the north. The spatial patterns of the estimated C HN maps correspond with those in the vegetation phenology across the Gourma site.
Neutral Bulk Heat Transfer Coefficient
The magnitude of C HN is comparable to the reported values in the literature [Stull, 1994] . Over the bare soil to the north, the estimated C HN values are about 0.0031. They increase with spatial consistency to 0.0125 over the grassland in the south. It is worth mentioning that the initial guess for the C HN in all pixels across the Gourma site is assumed to be 0.01. Figure 9 shows C HN estimates over the Gourma site from all the four modeling periods versus LAI values. LAI has an appreciable effect on C HN , and C HN increases with an increase in LAI. This figure characterizes variations in C HN as LAI changes, and thus it allows for improvement in future studies by taking C HN as a function of LAI instead of assuming invariant C HN in each monthly assimilation block. This is particularly important because in only a few weeks the bare soil can be fully covered by vegetation, and hence assuming C HN to be constant in each monthly period can degrade surface heat flux estimation.
In a similar attempt, Sugita and Brutsaert [1990] , Kubota and Sugita [1994] , and Qualls and Brutsaert [1996] investigated the relationship between C HN and LAI, but they all used a very limited number of in situ field measurements. In contrast, the C HN -LAI relationship herein is derived via a large number of C HN estimates over the Gourma site, thereby is more robust to those of the above mentioned studies. The C HN -LAI relationships from the aforementioned studies are also shown in Figure 9 for comparison. As indicated, the increasing rate of C HN estimates from the VDA with LAI is comparable with those of Sugita and Brutsaert [1990] and Qualls and Brutsaert [1996] . Also, estimated C HN values from the VDA model fall within the range of variability of C HN estimates from other studies.
The discrepancy among C HN estimates from different studies can be partially explained by the fact that C HN is plotted versus only LAI (Figure 9) , thus, the effect of other factors such as friction velocity, wind speed, and solar elevation on C HN is overlooked. 
Evaporative Fraction
Surface soil moisture is the key factor in controlling soil evaporative fraction, and therefore, the spatial patterns in EF s estimates should be consistent with those of surface soil moisture. We explore the relationship between EF s (retrieved from the VDA framework) and soil moisture with an independent data set of surface soil moisture. Comparing three soil moisture products (from the Advanced Microwave Scanning Radiometer on Earth Observing System (AMSR-E) in collaboration with the VU University Amsterdam (VUA), Tropical Rainfall Measuring Mission (TRMM) Microwave Imager (TMI), and European Remote Sensing (ERS) scatterometer sensor) with ground station measurements in Mali (Sahel), Gruhier et al. [2009] showed that soil moisture product based on the AMSR-E/VUA has the best match with in situ soil moisture measurements at multiple temporal scales.
The AMSR-E/VUA soil moisture dataset is derived via application of the Land Parameter Retrieval Model (LPRM) to the AMSR-E brightness temperature observations at the 6.9 GHz channel [Owe et al., 2001 [Owe et al., , 2008 Gruhier et al., 2009] . This product gives soil moisture estimates within the soil's top 10 mm at a spatial resolution of 56 km. The AMSR-E/VUA soil moisture product is regridded from its original resolution onto a 25 km regular grid and is available on (http://geoservices.falw.vu.nl/amsr-soil-moisture-description.html).
As a test of the robustness of the VDA, estimates of EF s are compared with the independent AMSR-E/VUAderived surface soil moisture, the key factor controlling EF s , for sample days 218, 220, 236, 242, 256, and 259 in Figure 10 . For days in which adequate spaceborne LST observations are available for updating EF s (days 220, 236, 242, 256, and 259) Sugita and Brutsaert (1990) Kubota and Sugita (1994) Qualls and Brutsaert (1996) This study latent heat flux consistently resemble features in the rainfall (not shown herein and not an input to the VDA). Regions and times of higher rainfall have correspondingly higher values of LE. The latent heat flux has its minimum value in the first period (before the beginning of monsoon season), when rainfall is low and the region is dry. By the beginning of monsoon season and initiation of rainfall in period 2, LE values increase and finally reach their maximum in period 3, during which the rainfall is at its seasonal maximum. In this period, there is a north-south gradient in evapotranspiration, consistent with the gradient in the rainfall. Compared to period 3, the retrieved LE values reduce in period 4 due to the decrease in rainfall and vegetation senescence. No information on rainfall and/or soil moisture is used in the VDA system. Yet, the VDA system can robustly capture the variations in LE mainly occurring due to spatial and temporal patterns in rainfall. Compared to the spatially uniform LE estimates in periods 1 and 2, the estimated sensible heat flux in the north of the domain is lower than those in the south. This is due to the fact that the higher albedo in the north (not shown herein) increases reflected short wave radiation (i.e., decreases net radiation) [Samain et al., 2008] . The H estimates in period 3 reach its minimum value because in this period available energy at the land surface is mainly dissipated by LE due to the high rainfall (see Figure 11) .
In order to test the retrieved LE and H values, the estimated fluxes are compared to available ground-based flux observations during different periods. Figure 13 shows the average diurnal cycles of estimated sensible, latent, and ground heat fluxes as well as net radiation (components of SEB) at Bamba (in the north of the Gourma site) and Agoufou (in the south of the Gourma site) for each of the four periods. Measurements at two flux stations at Bamba and Agoufou provide continuous estimates of surface heat fluxes reported at a 30 min time aggregation interval . It should be noted that the flux station at Bamba recorded only net radiation and sensible heat flux. These ground-based values are plotted in Figure 13 as Figure 13 also indicates that the net radiation increases continuously during the monsoon season at Agoufou due to the growth of vegetation in the south of the domain in the monsoon season. The vegetation growth decreases albedo (reflected short wave radiation) and therefore increases net radiation. Overall, two important conclusions can be drawn from Figure 13: (1) the magnitude of estimated surface heat fluxes compare well with respect to ground-based measurements and (2) the phase of the diurnal cycle of retrieved surface heat fluxes closely match with that of observations.
Conclusions
This study introduces a variational data assimilation (VDA) framework that couples a vegetation dynamics model (VDM) with the surface energy balance (SEB) equation based on the linkage between photosynthesis and transpiration. Transpiration from the SEB equation is used as the key input variable to the VDM. The data assimilation framework uses remotely sensed Fraction of Photosynthetically Active Radiation absorbed by vegetation (FPAR) observations to constrain the key unknown parameter in the VDM.
A detailed analysis of the plant-specific parameters showed that the specific leaf area (c g ) is the key unknown parameter of the VDM and is therefore the best candidate for estimation. Minimization of misfits between spaceborne FPAR observations and model estimates provide site and period-specific values for c g . The other unknowns of the VDA model are the neutral heat flux transfer coefficient C HN and bare soil and canopy evaporative fractions EF s and EF c , which are estimated by assimilating LST into the heat diffusion equation.
The developed VDA scheme is applied to the Gourma site in Mali. The results show that the remotely sensed FPAR observations can constrain the key unknown parameter of the VDM (i.e., c g ) and consequently predict LAI dynamics well. Remotely sensed FPAR observations give the VDM the ability to simulate LAI dynamics over large-scale areas, which would not be possible from the VDM alone. Assimilating FPAR observations into the VDM also retrieves specific leaf area values over large-scale domains. Specific leaf area has an important role in plant growth. Field campaigns and manual sampling are usually needed to measure c g . These in situ approaches can provide point estimates, but cannot necessarily be scaled to map large regions. This study provides a pathway to using remotely sensed information to infer this important parameter. It enables the estimation of c g values over large domains from remotely sensed FPAR observations.
The other retrieved parameter, neutral bulk heat transfer coefficient (C HN ), indicates a pronounced northsouth gradient in periods 3 and 4 in which the monsoon rainfalls induce rapid vegetation growth with a pronounced north-south gradient. A relationship is deduced between the mapped C HN and LAI values that augments the sparse ground sampling-based results reported in the literature. This relationship reveals how C HN changes with variations in LAI, and therefore may be used in the future to parameterize C HN as a function of LAI and not as a monthly constant parameter.
The retrieved daily EF s maps are compared with the AMSR-E/VUA-derived soil moisture, the main factor controlling EF s . The spatial patterns of EF s correspond with those of the AMSR-E/VUA-derived soil moisture for days with sufficient LST measurements. Finally, in a comparison with ground-based measurements of surface energy balance components, we show that the estimated latent and sensible heat fluxes (now as maps over large scales) are in agreement with the in situ observations in terms of both magnitude and phase. To further assess the capability of the developed VDA system, future studies should apply it over different sites with various hydrological conditions.
